A mediation model explores the direct and indirect effects of an initial variable (X) on an outcome variable (Y) by including a mediator (M). In many realistic scenarios, investigators observe censored data instead of the complete data. Current research in mediation analysis for censored data focuses mainly on censored outcomes, but not censored mediators. In this study, we proposed a strategy based on the accelerated failure time model and a multiple imputation approach. We adapted a measure of the indirect effect for the mediation model with a censored mediator, which can assess the indirect effect at both the group and individual levels. Based on simulation, we established the bias in the estimations of different paths (i.e. the effects of
Introduction
A mediation model is a statistical approach that explores the direct and indirect effects of an initial variable on an outcome variable by including one or more mediating variables. 1 In some scenarios, the mediation model can infer the causal effects from the initial variable to the mediator variable and then to the outcome variable.
1,2 Figure 1 (a) depicts a single mediator model that can be specified using the following three regressions:
In this single mediator model, X denotes the initial variable, M denotes the mediating variable, Y denotes the outcome variable, and " 1 , " 2 , and " 3 are the residuals in the model. Mediation analysis decomposes the total effect of X on Y (path c) into a direct effect (path c') and an indirect effect (usually calculated as ab or c-c'); see Figure 1 (a).
Mediation models have been widely applied in many different fields, such as psychology, social science, health science, genetic epidemiology, prevention research, and political communication research. 4, [6] [7] [8] In these research fields, investigators might observe censored data instead of the complete data. 9, 10 For example, in epidemiologic cohort studies, an individual's age at the onset of disease is a right-censored variable. 10 Also for instance, some blood biomarkers (e.g. c-reactive protein concentration), are subject to left censoring because of the detection limitation for small values. 11 Currently, most approaches to mediation analysis involving censored variables focus on the outcome variable Y being a censored variable. 10, [12] [13] [14] [15] However, the mediator in mediation analysis can also be a censored variable. For example, genes may impact the age at which an individual quits smoking (censored for current smokers), which in turn has been associated with lung cancer risk. 16 Therefore, the age at which an individual quits smoking may have a mediating effect on the association between genes and lung cancer risk. Similarly, the individual's age at smoking initiation might be a potential mediator for the association between genes and cardiovascular disease. 17, 18 Previous studies have shown that several genes are associated with a woman's age at menopause, 19, 20 and some studies have suggested that the age at menopause is associated with type-2 diabetes, [21] [22] [23] which suggests the potential mediating effect of age at menopause on the association between genetic variants and type-2 diabetes. The conceptual mediation model of this example is shown in Figure 1 (b). Few approaches have been suggested for mediation analysis when the mediator is a censored variable. First, we review the existing approaches and point out their limitations.
One naı¨ve approach, as implemented in the popular software program Mplus, 24 is to estimate the paths b and c' using standard regression, which simply ignores the fact that M is a censored variable and uses all the data regardless of the censoring status. However, it is well established that simply using a censored covariate in regressions will lead to bias in the estimation of the corresponding coefficients for paths b and c'.
11, [25] [26] [27] Therefore, the results obtained using the naı¨ve approach are not valid. Furthermore, the naı¨ve approach (e.g. Mplus) uses the Cox proportional model to assess the coefficient for path a. However, the estimated value of a obtained using the Cox proportional model does not have the same interpretation as the path a from the standard linear regression analyses such that ab is an indirect effect.
A second approach is complete-case analysis, in which data on subjects with censored covariates are discarded. This approach can provide a consistent but inefficient estimated value for path b, especially when the censoring percentage (CP) is high. 11, 25, 27 Another shortcoming for the complete-case approach to mediation modeling is that it leads to a biased estimation of the coefficient of path a.
28
A third existing approach is the Tobit mediation model proposed by Wang and Zhang, 9 which uses structural equation modeling with a truncated multivariate normal distribution to account for the censored data in the mediation analysis. In their model, any of the initial, mediator or outcome variable can be a censored variable, and is assumed to be continuous and normally distributed. The mediation model for the study of the mediating effect of age at menopause on the association between genetic variants and type-2 diabetes.
In this article, we propose a strategy that estimates the coefficient of different paths (a, b, and c') more accurately than the three existing approaches. We focus on the mediator that is a right-censored variable. We use simulation studies to establish the potential bias in the estimations of different paths (a, b, and c') due to the censored mediator, when directly applying the three existing approaches, which in turn, will lead to bias in the estimation of the indirect effects. To accurately estimate the direct and indirect effects, we suggest using the accelerated failure time (AFT) model to evaluate the effect of the initial variable on the censored mediator variable (path a). To assess the coefficients of paths b and c', we use a multiple imputation approach designed for regression models with censored covariates. This approach imputes the censored covariates by their conditional quantiles given the observed data.
11
The measures commonly used for the indirect effects, such as the difference in regression coefficients c-c' and the product of regression coefficients ab, are only applicable when both the mediator and outcome are continuous and normally distributed. The indirect effects have been investigated in previous studies when the outcome is a censored variable. 10, 12, 13 However, when the mediator is a censored variable, the definition of the indirect effects is unclear. One may consider using the difference of c-c' to measure the indirect effect based on two linear regressions if we assume a continuous outcome. Since it has been shown that the difference of c-c' is equivalent to the product of ab for a continuous mediator, 29 such a definition for the indirect effect (c-c') implies the use of a linear probability model to model the censored mediator in order to assess the coefficient of a, which might not be valid in the mediation model with a censored mediator (e.g. the censored mediator has a Weibull distribution). Therefore, we adapt a measure of the indirect effect from the study of Li et al., 30 which was proposed for the binary mediator, for the mediation model with a censored mediator. The indirect effect measure proposed by Li et al. 30 is defined as the change in the mean value of Y associated with each unit change in X that can be attributed to the mediator M. This definition does not require the mediator to be continuous and normally distributed, and therefore can be extended to the model with a censored mediator. This measure can assess the indirect effect at the study sample level as well as at the individual level for each subject. 30 We use simulated data to compare the estimated coefficients (a, b, and c'), the indirect effects and percentages of the total effects mediated that were obtained from our strategy to those obtained from the existing approaches, including the naı¨ve approach, complete-case analysis, and the Tobit mediation model. We also apply the existing and proposed approaches to investigate the mediating effect of the age at menopause on the association between genetic variants and fasting glucose level, a quantitative measure of type-2 diabetes (Figure 1(b) ). Our findings show that there was no indirect effect of association between single nucleotide polymorphisms (SNPs) and fasting glucose level that is mediated through the age at menopause.
Methods 2.1 Proposed strategy for estimating coefficients
We considered the mediation model shown in Figure 1(a) , in which X is the initial variable, M is the mediator, and Y is the outcome variable. In this study, we assumed that both variables X and Y are continuous variables, while M is a time-to-event right-censored variable. That is, for each individual, we observe m i ¼ min(t i , c i ), i ¼ 1,. . . n, where t i is the time-to-event of interest and c i is the individual's right censoring time; as well as an indicator i ¼ I(t i c i ) that indicates whether the individual's data are censored ( i ¼ 0) or observed ( i ¼ 1).
Coefficient for path a: AFT model
We used the AFT model to analyze the effect of X on M (i.e. path a) in the mediation model. The major advantage of using the AFT model is that it provides the change in the length of survival as a function of the effect of the per unit change in the initial variable. The AFT model is a parametric model. Given an individual i, the AFT model can be specified using the following log-linear representation:
13,31,32
where a 0 and are the intercept and scale parameters, respectively, and " i represents the residual in the logtransformed survival time. For a parametric model, the distribution of the survival time must be specified. The distributions most commonly used are Weibull, log-logistic, log-normal, gamma, and Gompertz. 31 One can select the distribution using model selection approaches, such as the Akaike information criterion. 33 In this study, the AFT model was implemented using the R package ''survival.'' 34 
Coefficients for paths b and c': Multiple imputation
We used a multiple imputation approach to assess the effect of X and M on Y (i.e. the coefficients for paths b and c'). The multiple imputation approach was proposed by Wang and Feng 11 for linear regression models with censored covariates. The multiple imputation approach imputes the censored covariates using the conditional quantiles given the observed data instead of specifying parametric likelihoods. Specifically, in our mediation model, given an individual i, the linear regression model was fitted as
where, as defined previously, x i is the initial variable, and t i is a time variable that is subject to right censoring, and we only observe m i ¼ min(t i , c i ), where c i is the right censoring time, and an indicator i ¼ I(t i c i ).
The imputation approaches commonly used generally impute the censored variable t i by randomly sampling from the conditional distribution Fðtj y i , x i , t i 4 c i Þ, which requires a parametric likelihood for t i . Wang and Feng 11 noticed that this imputation is equivalent to filling in the censored variable t i by the uth conditional quantile of t i given the observed variables y i and x i , where u is randomly drawn from uniform (0, (y i , x i )) and (y i , x i ) ¼ Pr(t i < c i j y i , x i ). Therefore, they proposed an imputation approach to impute t i using its conditional quantiles instead of its conditional distribution. Using t i as a dependent variable, its conditional quantiles were assessed by fitting censored quantile regression models Q t i ðuj y i , x i Þ ¼ ð y i , x i Þ 0 ðuÞ, where 0 ðuÞ is the quantile coefficient process that is assumed to be a smooth function of u. The quantile coefficient process can be estimated using established censored quantile regression methods, such as Powell's and Portnoy's estimators. 35, 36 The imputation step was repeated multiple times generating multiple imputed datasets. The usual complete data approach (linear regression in this case) can be applied to the imputed datasets, and the average of the estimated coefficients from multiple imputed datasets is defined as the multiple imputation estimator. Wang and Feng 11 showed that the resulting multiple imputation estimator is consistent, asymptotically normal, and has improved efficiency compared to that of the complete-case approach.
Definition of indirect effect with a censored mediator
As mentioned, the commonly used indirect effect measures, such as the product of ab and the difference of c-c', are only applicable when the variables in the mediation model are continuous and normally distributed. The indirect effects have been investigated in previous studies when the outcome is a censored variable. 10, 12, 13 However, when the mediator is a censored variable, the definition of the indirect effects is unclear. In this study, we adapted a measure from Li et al. 30 to provide a definition of the indirect effects in this scenario. Specifically, Li et al. 30 proposed a definition of the indirect effect of the initial variable X on the outcome variable Y as the change in the mean value of Y associated with each unit change in X that could be attributed to the mediator M. Given a continuous initial variable X, the indirect effect can be specified as a partial differential equation:
where E(YjX) and E(YjX, M) are conditional expectations, which, based on equation (3), can be given as
Note that if the mediator is a continuous and uncensored variable, the indirect effect is consistent with the product-of-coefficient approach (i.e. ab).
Using the Weibull distribution for the AFT model (equation (2)) with scale and shape parameters of and v, respectively, the conditional expectation E(MjX) is given as expða 0 þ aXÞÀð1 þ 1=vÞ, where ÀðÞ is the gamma function. Therefore, the indirect effect is IE ¼ ab expða 0 þ aXÞÀð1 þ 1=vÞ. We recommend using the AFT model and multiple imputation approach to estimate coefficientsâ 0 ,â,b, andv for estimating the indirect effect (abbreviated as IE in the equation). For an individual i with a value of initial variable x i , the indirect effect is estimated as IE î ¼âb expðâ 0 þâx i ÞÀð1 þ 1=vÞ. Even though we can estimate the individual level indirect effect for each study participant, we are interested in the indirect effect at the group level that can be estimated using the average of the individual indirect effects, IÊ ¼ P i IE î =n, where n is the sample size.
Similarly, we can define the total effect of the initial variable X on the outcome variable Y as
The total effect at the individual level (TE î ) and the group level (TÊ ) can be assessed using the estimated coefficientsâ 0 ,â,b,ĉ 0 , andv. Furthermore, based on the estimated total effect and indirect effect, we can assess the percentage of the total effect of X on Y mediated by the mediator as PM î ¼ IE î = TE î (individual level), and
. We calculated PM using the absolute values of IE and c', as suggested in the literature, 37, 38 only when both a and b paths were statistically significant.
Simulation approach
To simulate the time-to-event mediator M, we used a simulation approach proposed by Bender et al., 39 which can include multiple associated covariates. Bender et al. used the inverse transform sampling method 40 to randomly generate the survival times from the distribution function of the Cox proportional model given its cumulative distribution function. The baseline hazard function is assumed to follow an exponential, Weibull or Gompertz distribution. Without loss of generality, we used the Weibull distribution for the baseline hazard function in our study, since it is one of the most popular models in survival analysis. 41 Specifically, for each individual i, the cumulative distribution function is given by
is the initial variable, a is the coefficient for path a (i.e. effect of X on M), and and v are the scale and shape parameters for the baseline hazard Weibull function, respectively. The time-to-event variable t i was generated using
where u is randomly generated from uniform(0, 1). We generated the right censoring time c i using the similar formula
, where w is randomly generated from uniform(0, 1) and s c is a constant chosen to reflect different CPs in the simulated data. The observed censored variable m i , and censoring indicator i were then obtained as m i ¼ min(t i , c i ) and i ¼ I(t i c i ), i ¼ 1,. . . n. Finally, the outcome y i was generated using the linear regression
. . n, where b and c' are the coefficients for paths b and c', respectively, and " y is the residual term following N(0, 1). Note that, in practice, investigators can only observe m i and i instead of t i .
We considered 18 simulation scenarios for different values of coefficients a and b, as well as different CPs ( Table  1) . The scale and shape parameters for the baseline hazard Weibull function were ¼ 1 and v ¼ 2. The first 10 simulation scenarios had no indirect effects for the mediator because either a or b was set to zero (null hypothesis); while simulation scenarios 11 to 18 had an indirect effect of the mediator (alternative hypothesis). The CP ranged from 20% to 40%. Note that we did not include the simulation scenarios in which all the subjects were observed (i.e. 0% censoring), because in such scenarios, the existing approaches such as the naı¨ve approach and the complete-case approach work well. We employed the bias-corrected and accelerated (BCa) bootstrap 42 and standard bootstrap to determine the confidence intervals (CIs) for the indirect effects and the percentage of total effects mediated, respectively. Table 1 reports the means and standard errors of the estimated coefficients a, b, and c', obtained on the basis of 500 replicates, each replicate with 1000 individuals, using different approaches: the naı¨ve approach, complete-case Table 1 . Means and standard errors (se) of estimated coefficients for different paths, a, b, and c', obtained from 500 replicates, each with 1000 individuals, using different approaches. analysis, the Tobit mediation model, and the proposed approach. For the purpose of comparison, while using the complete-case approach, the estimated value of a was computed by the AFT model with a Weibull distribution. Because the Mplus program uses the Cox proportional model, we converted the coefficient to the AFT model for ease of comparison among the estimated parameters. 43 When the path b coefficient was non-zero, the naı¨ve approach tended to underestimate the path b coefficient, especially when the CP was high (e.g. 40%; scenarios 4, 6, 12, 14, 16, and 18) . In addition, when the path a coefficient was also non-zero (scenarios [11] [12] [13] [14] [15] [16] [17] [18] , the naı¨ve approach also overestimated the path c' coefficient. For example, in scenario 18, when the true values of the b and c' coefficients were 0.5 and 0.5, the estimated values obtained using the naı¨ve approach were 0.42 and 0.65, respectively. The complete-case analysis, in contrast, underestimated the path a coefficient when the path a coefficient was non-zero. This is expected since the complete-case analysis removed the subjects with censored covariates. For example, in scenario 18, when the true value of the path a coefficient was 0.5, the estimated value was 0.31. The pattern of bias using the Tobit mediation model was different from that of the other two approaches. The Tobit model gave accurate results only when both path a and b coefficients were zero. Otherwise, it underestimated the path a or b coefficient or overestimated the path c' coefficient. For example, in scenario 18, when the true values of the path a, b, and c' coefficients were, respectively, 0.5, 0.5, and 0.5, the Tobit mediation model estimated the respective values as 0.21, 0.41, and 0.64. For all these methods, the bias was higher when the CP was higher. On the other hand, for all the simulation scenarios presented, the proposed strategy provided accurate estimations of the coefficients of the different paths (three rightmost columns of Table 1 ). For example, for scenario 18, the means of the estimated coefficients a, b, and c' were 0.51, 0.48, and 0.51, respectively, which were close to the true simulation values of 0.5, 0.5, and 0.5. Tables 2 and 3 report the means, standard errors, and 95% CIs for the group level indirect effects and percentages of the total effects mediated, respectively, with different approaches. The results were based on 500 replicates, and each replicate had 1000 subjects. The group level indirect effects obtained from the existing approaches were calculated using the product of ab. As expected, the estimated group level indirect effects and percentages of the total effects mediated were more accurately estimated with the proposed approach compared to the existing approaches. For example, under scenario 18, the mean of the estimated indirect effect was 0.22 (Table  2) ; and the mean of the percentage of the total effect mediated was 30.78% (Table 3) , using the proposed strategy; these values were close to the expected values of 0.22 and 30.87%. For the existing approaches, when there was no indirect effect of the mediator on the association between the initial and outcome variables (i.e. the null hypothesis; scenarios 1-10), all three approaches performed similarly and provided accurate estimations that were close to 0 for both IE and PM (Tables 2 and 3 ). However, when the indirect effect was non-zero (scenarios 11-18), as expected, all three existing approaches provided biased estimations of IE and PM for some simulation scenarios. Specifically, the Tobit mediation approach provided highly underestimated IEs and PMs for all the simulation scenarios. For example, using the Tobit mediation approach, for scenario 18, the mean of the estimated indirect effect was 0.09 (Table 2) ; and the mean of the percentage of the total effect mediated was 11.98% (Table 3) , which highly underestimated the expected values of 0.22 and 30.87%. The complete-case approach provided relatively accurate estimations for IE and PM when the CP was low (i.e. 20%), but biased estimations when the CP was higher (i.e. 40%). For example, for scenario 18, the mean of the estimated indirect effect was 0.15 (Table 2) ; and the mean of the percentage of the total effect mediated was 23.46% (Table 3) , which were biased compared to the expected values of 0.22 and 30.87%, respectively. The naı¨ve approach performed better than the complete-case approach, which provided relatively accurate estimations for the IE but underestimated the PM when the CP was higher (i.e. 40%). For example, for scenario 18, the mean of the estimated percentage of the total effect mediated was 24.93% (Table 3) , which was biased compared to the expected value of 30.87%.
Simulation results
In Tables 2 and 3 , we also report the 95% CIs for the estimations of IEs and PMs. The Tobit mediation model provided relatively narrow CIs for all the scenarios when assessing both IEs and PMs, compared to the other three approaches. The complete-case analysis provided narrow CIs when assessing the IEs (Table 2) , which are similar to those from the Tobit model; this approach provided wider CIs when assessing PMs (Table 3) , which are similar to those from the naı¨ve and proposed approaches. When assessing IEs (Table 2) , the naı¨ve approach and proposed approach performed similarly, with the naı¨ve approach providing slightly wider CIs. When assessing PMs (Table 3) , the naı¨ve approach and proposed approach performed similarly when the effect sizes were relatively small; while the proposed approach provided wider CIs when the effect sizes increased (e.g. scenario 18).
In Table 4 , we report the 95% coverage probabilities of CIs for the group level IEs and PMs. For each simulation scenario, the coverage probability was calculated as the proportion of the replicates for which the Table 4 . 95% coverage probabilities of confidence intervals (CIs) for group level indirect effects (IE) and percentages of total effects mediated (PM), based on 500 replicates, each with 1000 individuals, using different approaches.
Naïve
Complete The PM cannot be negative so the lower bound of CI was set to be 0. Therefore, the estimated coverage probabilities are 1.00 for the scenarios 1-10 (under null hypothesis).
95% BCa CIs contained the true value of IE or PM. Under the null hypothesis of no indirect effect (scenarios 1-10), the naı¨ve, Tobit model and the proposed approach each provided 95% coverage probabilities close to the nominal coverage probability of 0.95 for the group level IEs. On the other hand, the complete-case approach always led to coverage probabilities less than the nominal value of 0.95, except for the simulation scenarios when both paths a and b coefficients were zero (scenarios 1 and 2). Because the PMs cannot be negative, the lower bound of BCa CIs was set to be zero. Thus, under the null hypothesis (scenarios 1-10), 95% coverage probabilities of all four approaches were calculated as 1.00 for PMs. Under the alternative hypothesis (scenarios 11-18), while estimating IE, the complete-case approach and Tobit model both provided the coverage probabilities that are less than the nominal value of 0.95, whereas, while estimating PM, these approaches provided accurate coverage probabilities in some but not for all the simulations in scenarios 11-18. The naı¨ve and the proposed approach performed similarly while estimating IEs, providing coverage probabilities close to the nominal value of 0.95. However, while estimating PMs, when the percentages mediated and the CPs were higher (scenario 18), the coverage probability of the proposed approach was 0.95 whereas coverage probability for the naı¨ve approach was 0.84. In Table 5 , we show the type I error rates (under the null hypothesis, scenarios 1-10) and powers (under the alternative hypothesis, scenarios 11-18) for the group level IEs using different approaches, based on 500 replicates, where each replicate had 1000 subjects. The complete-case analysis provided inflated type I error rates, while the other three approaches well controlled the type I error rates for all scenarios. As the complete-case analysis provided inflated type I error rates, we don't recommended this approach and only compared the powers of the other three approaches. As expected, for all three approaches, the powers decreased as the CP increased; while the powers increased as the indirect effect increased. For all scenarios, the Tobit model always had the lowest powers among the three approaches. Compared to the naı¨ve approach, the proposed approach always had higher (i.e. scenarios 11, 12, 15, 16, and 18) or comparable (i.e. scenarios 13, 14, and 17) powers. The power gain of the proposed approach increased as the CP increased. For example, for scenario 11 (CP ¼ 20.1%), the powers were 81.40 and 87.40%, respectively, for the naı¨ve and the proposed approaches, where the power gain of the proposed approach was 6%. For scenario 12 (CP ¼ 40.5%), the powers were 60.20 and 74.70%, respectively, where the power gain of the proposed approach was 14.5%. The power of the complete-case analysis is not reported since it has inflated type I error rate.
4 Application to the study of diabetes, age at menopause, and genetic variants
Type-2 diabetes is a metabolic disorder resulting from a complex interplay of genetic and environmental factors. [44] [45] [46] [47] [48] [49] Over 29 million people in United States have diabetes, with type-2 diabetes accounting for $90% to 95% of all diagnosed cases of diabetes in adults. 50 Some studies have suggested that a woman's age at menopause is associated with type-2 diabetes, [21] [22] [23] while other studies have found that association to be either weak or not significant. [51] [52] [53] Genetic epidemiologic data have indicated that several genes are associated with a woman's age at menopause. 19, 20 Therefore, we assessed the dual pathways for the associations between genetic variants and type-2 diabetes: (a) independently via a direct effect on diabetes, and (b) through the age at menopause. We used the data from the Multi-Ethnic Study of Atherosclerosis (MESA) cohort provided by the National Center for Biotechnology Information and downloaded from dbGaP. 54 For the mediation analysis, we considered SNPs as the initial variable (X), the age at menopause as the mediator (M), and the fasting glucose level, one of the quantitative measures of type-2 diabetes, as the outcome variable (Y). The conceptual mediation model is presented in Figure 1(b) . If a woman had gone through menopause, then the age at menopause was used; if she had not gone through menopause, then her age at menopause was considered to be censored.
This analysis included 2956 women, and the censoring rate for the age at menopause was $14.5%. Genotypes of 47,871 SNPs from candidate genes were available for the analysis. As per the standard quality control process, we excluded SNPs with minor allele frequency < 0.01. We conducted association analyses between all SNPs and the fasting glucose level, assuming an additive genetic model. We found that 733 SNPs had p-values less than the significance level of 0.01. We then analyzed these 733 SNPs for their association with the age at menopause, also assuming an additive genetic model. Two SNPs, rs10064631 and rs8178483, were found to have p-values of 1.51 Â 10 À4 and 1.29 Â 10 À6 , respectively, for their association with the age at menopause. The p-values of these two SNPs for their association with the fasting glucose level were 7.75 Â 10 À4 and 1.98 Â 10 À4 . We included these two SNPs in the mediation analysis since they showed association with both the fasting glucose level and age at menopause. When evaluating the coefficient of path a, we investigated various different functional forms for the AFT model, such as the Weibull, Gaussian, and lognormal, and selected the best fitted distribution (Weibull) using the Akaike information criterion. 33 Similar to the simulation studies, we employed the BCa bootstrap and standard bootstrap methods to determine the CIs for the indirect effects and the percentage of total effects mediated, respectively. For each SNP, we performed bootstrapping to calculate the 95% bootstrapping CIs. For the purpose of comparison, we also performed the mediation analyses using existing approaches, including the naı¨ve approach, the complete-case approach and the Tobit mediation model. All the analyses were adjusted for age and/or ethnicity. Table 6 reports the estimated coefficients for different paths, indirect effects and percentages of the total effects mediated for the SNP-fasting glucose association. Based on the MESA data analyses, the association between the age at menopause and fasting glucose level was not statistically significant, implying a non-significant indirect effect, and in turn a non-significant percentage of the total effect mediated. As expected, all approaches performed similarly because there was no indirect effect. For example, for SNP rs10064631, the indirect effects were 0.0007, 0.0002, 0.0113, and 0.0768 using the naı¨ve approach, the complete-case approach, the Tobit mediation model, and 
Discussion
In this study, we focused on a single mediator model for which the mediator is a censored time-to-event variable. Using simulation, we established the bias of the existing methods in estimating coefficients for different paths (a, b, and c') when the mediator is a censored time-to-event variable. To better assess the indirect effect and percentage of the total effect mediated, we proposed an approach that provides more accurate estimations for the coefficients a, b, and c'. The simulation results showed that the proposed strategy, using the AFT model and multiple imputation, can better assess the indirect effect and percentage of the total effect mediated when the mediator is a censored time-to-event variable.
We also applied the proposed and existing approaches to assess the mediating effect of the age at menopause on the association between genetic variants and the fasting glucose level using the mediation model with a censored mediator. We included two SNPs, rs10064631 and rs8178483, in the mediation analyses because they were associated with both age at menopause and fasting glucose level. Based on the MESA data, the analyses showed that there were no mediating effects of the age at menopause on the SNP-fasting glucose association, suggesting that the two SNPs, rs10064631 and rs8178483, have no indirect effect on the fasting glucose level via their effects on the age at menopause.
The measure of the indirect effect used for our proposed approach, which was adapted from that of Li et al., 30 can assess the indirect effect at both the group level as well as at the individual level for each subject. Compared to the group level measures (e.g. indirect effect and percentage of the total effect mediated through the mediator) that calculate the average mediation effects of a group, the individual level measures provide information about how different subjects could have different indirect effects and percentages of the total effects mediated through the mediator. Such individual level information can be used to identify the individuals who can benefit the most from interventions that can modify the mediator's effects. This study focused on scenarios in which the mediator is a right-censored variable. However, the proposed approach is still valid when the mediator is a left-censored variable. Specifically, the multiple imputation approach works for both right-and left-censored covariates; therefore, the paths b and c' can still be accurately estimated. Also, the conditional expectation E(MjX) will be the same given the left-censored variable M when assuming the Weibull distribution for the baseline hazard function in the AFT model, so the indirect effect can be estimated using the same formula. However, if other distributions are assumed (e.g. exponential) for the AFT model, one will need to derive the formula for the indirect effect accordingly. We conducted additional simulations to investigate the performance of the proposed approach when considering other assumed distributions for the AFT model, including exponential, Gaussian, and log-normal distributions (online supplementary material, Appendix 1). Specifically, when assuming exponential distribution in the AFT model, we used the same simulation approach as that described above. When assuming Gaussian and log-normal distributions, we used the AFT model to generate the time-to-event variable. Given different distributions for the AFT model, the formulas to assess IE and PM were presented. From Table S1 , we observe that the proposed approach can still provide relatively accurate estimations for coefficients a, b, and c', as well as the group level IEs and PMs.
Instead of investigating the baseline distribution for the AFT model, an alternative is to use the semiparametric AFT model. For instance, we can consider using the rank-based methods 55 or a sieve maximum likelihood 56 to estimate coefficient a, and using the censored residuals by the Kaplan-Meier estimator to assess the AFT model error distribution. 57 However, assessing the indirect effects in such a scenario would require new methodology. When the models are correctly specified, the estimated coefficients, includingâ 0 ,â,b,ĉ 0 , andv, are consistent estimators. Specifically,â 0 ,â, andv are maximum likelihood estimators assessed using the AFT parametric model, andb andĉ 0 obtained from the multiple imputation approach have been shown to be consistent. 11 Therefore, we deduce that the estimated indirect effects (i.e. IE î and IÊ ), total effects (e.g. TE î and TÊ ), and percentages of total effects mediated (i.e. PM î and PM ), which are evaluated using the estimated coefficients, are consistent estimators.
The estimators of the indirect effects (i.e. product of two regression coefficients) usually have non-normal skewed distributions, 30, 58 therefore, bootstrap approaches are preferred. [59] [60] [61] Bootstrapping is a nonparametric method that produces CIs or hypothesis tests without making assumptions about the distribution of the statistic of interest. In particular, we used the BCa bootstrap method proposed by Efron 42 to evaluate the CIs for the indirect effects. The BCa bootstrap method can adjust for both bias and skewness in the bootstrap distribution; it has been shown to have better asymptotic properties and is often recommended for assessing the indirect effects in the mediation analysis. 61, 62 We also investigated the performance of the three existing approaches, including the naı¨ve approach implemented in popular software such as Mplus, complete-case approach, and Tobit mediation model. The Tobit mediation model led to biased estimation of IE and PM when the mediating effect of the mediator on the association between the initial variable and the outcome were not zero. Furthermore, in many scenarios, the complete-case approach and Tobit model provided anti-conservative coverage probabilities for IEs because of the underestimation of standard errors leading to narrow CIs. Of note, in all simulation scenarios, our approach provided coverage probabilities that were close to the nominal coverage probability.
When the CP was low (i.e. 20%), both the complete-case and naı¨ve approach performed well and obtained results for IE and PM that were similar to those obtained from the proposed approach. This is not surprising as the majority of the subjects were observed in these scenarios, which can provide sufficient information for the analyses. However, when the CP was high (i.e. 40%), our proposed approach led to better estimations of IE and PM. Very high CPs (e.g. 70%) have been identified in real clinical data. 63, 64 In such cases, the proposed approach can perform noticeably better than the existing approaches. We conducted additional simulations to investigate the performance of the different approaches in the scenario of a high CP (i.e. 60%; online supplementary material, Appendix 2). From the results reported in Tables S2 and S3 , we observe that, although the proposed approach provided a slightly inflated estimation for coefficient b in this scenario, compared to the existing approaches, the proposed approach still provided relatively more accurate estimations for coefficients a, b, and c', as well as the group level IEs and PMs.
In mediation analysis, there are important assumptions for testing mediation since the mediated effect is considered to be a causal effect. 38, 65 In this study, we assumed that the mediation model is correctly specified, including correctly specified causal orders and causal directions. We also assumed that there are no unmeasured confounders that cause variables in the model, as well as there are no measurement errors for the variables in the model. For the data analysis to assess the mediating effect of the age at menopause on the association between genetic variants and the fasting glucose level, we conceptualized the causal orders and directions on the basis of previous studies. [19] [20] [21] [22] [23] [44] [45] [46] [47] [48] [49] We further assumed that the measurements for the variables of interest were perfect and there were no confounding factors mitigating associations among the genetic variants, age at menopause, and fasting glucose level.
Although the multiple imputation approach provided better estimations for coefficients b and c' in our simulation studies, we note certain limitations to this approach. First, it assumes a linear relationship between the mediator and the initial variable and might provide biased estimations when such an assumption is invalid. Therefore, we recommend performing sensitivity analyses to check the model assumptions. Second, the multiple imputation approach was developed for outcome variables that are continuous. The analytics needs to be further developed for binary or censored outcomes. Finally, a single censored mediator is considered in this approach; further work is needed to extend this approach to include multiple censored mediators.
Several other approaches have been proposed for assessing the censored covariates in regression models. [25] [26] [27] [66] [67] [68] [69] [70] These approaches might be potential candidates to address the problems that arise from censored mediator variables. However, the major limitation that is common to all the approaches is that they do not account for a causal relationship from the non-censored variable (e.g. initial variable) to the censored variable (e.g. mediator), which is usually implied in a mediation model. 71, 72 Therefore, using these approaches in mediation model analysis with a censored mediator is not straightforward and needs further investigation.
In summary, we proposed an approach to accurately estimate the coefficients for the different paths in a mediation model when the mediator is a censored time-to-event variable. We also adapted a measure of the indirect effect, which is more appropriate when assessing the indirect effect and percentage of the total effect mediated at both the group level and the individual level for each subject when the mediator is a censored variable.
